Introduction
Durable goods play a crucial role in the economy. In 2008, personal consumption expenditures on durables exceeded $1.1 trillion (Federal Reserve Bank of St. Louis 2009). Compared with fast-moving consumer packaged goods (CPG), consumer decisions for durable goods are much more sophisticated, dynamic, and deliberative, and they raise numerous research questions for microeconomic and marketing analysis. A thorough understanding of consumer decisions with respect to durables will help develop and test both economic and consumer behavior theories, and it will have important implications for managerial decisions.
In recent decades, a rich analytical literature in both marketing and economics has examined the competitive behavior of firms that sell durable goods. However, empirical research investigating consumer decisions about durable goods is sparse in marketing. Examining Marketing Science and the Journal of Marketing Research, more than 400 papers have been published regarding consumer purchase behavior of CPG products using IRI and ACNielsen data sets over the past three decades. This contrasts with 36 papers focused on durable goods, among which 28 used aggregate sales and only 8 used individual consumer purchase history (consumer panel data).
The purpose of this paper is to address this disparity by introducing two distinct databases to the research community. Administered by the INFORMS Society for Marketing Science (ISMS), these databases are called ISMS Durable Goods Dataset 1 and ISMS Durable Goods Dataset 2 (see §4). To the best of our knowledge, the ISMS Durable Goods data sets are the most comprehensive customer-level transaction data available to researchers. We make these data sets publicly available with the wish to facilitate researchers in marketing, economics, psychology, and other fields to conduct research that helps in understanding consumer purchase decisions about durable goods.
Both databases are provided by an anonymous major U.S. consumer electronics retailer. ISMS Durable Goods Dataset 1 is panel data: it contains the complete transaction records of a large set of customers encompassing most of the retailer's stores over a six-year period. ISMS Durable Goods Dataset 2 is also at the customer level, but it is cross-sectional and features the results of a direct-mail promotion field experiment. It contains a host of variables calculated before the promotion, an indicator of whether the customer was offered the promotion, and dollar purchases made by the customer during the promotion period. In what follows, we describe both databases and suggest a few illustrative research topics. More time is spent on Dataset 1 because it can be used to investigate a broader set of topics. However, ISMS Durable Goods Dataset 2 is also quite promising, and we discuss it as well. Detailed documentation of the variables in each database is available at http://www.informs.org/Community/ISMS/ ISMS-Research-Datasets. 1 There are 16 product categories (e.g., PC hardware), 292 subcategories (e.g., desktop computers), and 22,210 specific products (models), ranging from big-ticket items such as televisions, cameras, and personal digital assistants (PDAs) to accessories and small-ticket items such as CDs and batteries. Brand information for each model is also available in the data set.
ISMS
There are six types of transactions: product purchase, product return, extended service contract purchase, extended service contract return, sales discount, and miscellaneous. Each record includes detailed information about each transaction type made by a particular customer on a particular date and, depending on the transaction type, information such as brand purchased or returned, service contracts purchased or returned, product category, price paid or refunded, length of coverage of the service contract, and time and location of the transaction. Finally, each record contains customer-level demographic information such as income, gender, family size, and age. Table 1 shows frequency counts of the six transaction types across all categories (panel A) as well as for the top 10 categories (panel B).
2 There are thousands of transactions per category. Wireless and DVS have the highest product return rates, at 15.2% and 17.5%, respectively, whereas music has the lowest return rate, at 5.4%. PC hardware has the highest purchase rate of extended service contracts, at 21.6%. Interestingly, consumers who purchase an extended service contract for the mobile category are more likely to return that contract. Table 2 provides descriptive statistics for representative subcategories such as digital cameras, cam-corders, TVs, VCRs desktops, and notebooks. Again, there are thousands of purchases in these subcategories, suggesting that research can be conducted at the subcategory level. The number of brands per subcategory ranges from 11 to 67, a rich but manageable number to analyze. Taking digital cameras as an example, 1,953 customers made 2,524 purchases of 20 brands during the six years observed at an average price of $311.95, and consumers purchased, on average, $71.27 in extended service plans offered by the retailer. Among these transactions, 22% are associated with the purchase of an extended service contract (ESC), 11.9% of the products were returned, 3.4% were purchased online, and 24.8% were bought during the holiday season (Thanksgiving through Christmas). Big-ticket items such as digital cameras, camcorders, desktops, and notebooks have about 20% of their purchases associated with an extended service contract purchase, but those categories also have a relatively high product return rate. However, the TV subcategory stands with the highest ratio of service contract price to product price. Table 3 illustrates "market basket" statistics for the "PC hardware" category. There are six subcategories within PC hardware: scanners, PDAs, notebooks, desktops, printers, and monitors. A total of 5,266 customers bought at least one of these products. Table 3 shows the combinations that were bought most frequently over the observation period (though not necessarily on the same purchase occasion). With six subcategories, there are 2 6 = 128 possible combinations, or market baskets. However, Table 3 shows that 12 baskets account for more than 90% of the baskets actually purchased. The most common basket, not surprisingly, is purchasing a desktop, printer, and monitor (1,287 customers). However, 908 customers purchased just a printer, 390 purchased just a monitor, and 331 purchased just a desktop. A natural question is, what distinguishes the single-item basket customers from the multiple-basket customers? Table 4 provides purchase statistics at the customer level. The data can be aggregated per trip or examined at their most micro level-the transaction. Note that the standard deviations are at least as high as the means for these variables, so there is ample variation and, obviously, some "heavy users." For example, the average amount spent per trip is $317 with a standard deviation of $497; the average amount per transaction is $109 with a standard deviation of $295. This suggests that it will be practical to segment the heavy users from the light users and examine differences in the categories purchased, for example. a DVS includes direct TV system/accessories, satellite dishes, digital video recorders, etc. b P * S * T stands for products such as computer accessories, cables, computer media, etc. See the documentation online for detailed info about category and subcategory specifications. Note. Shown are the most popular combinations purchased over the period of observation, representing 4,780 of the 5,266 customers who purchased PC hardware. promotional price discounts. The Unit_Price variable states the price paid or the amount of the promotional price discount.
For example, in Figures 1 and 2 , we plot the price and sales trends of Apex digital video camera models 763370 and 749912. To prepare these figures, we aggregated across customers to count the number of units sold for the product and the average price paid, per week. Although it is possible to construct weekly price and purchase series for many product models, this is not possible for infrequently purchased models. Users will find it easier to construct price and sales time series at the brand level rather than model level (e.g., Sony digital video cameras rather than each Sony model) and at the monthly level rather than weekly level. Or researchers may be able to construct a price series using data collected from other sources, such as NPD.com.
Illustrative Research Issues for ISMS Durable
Goods Dataset 1 Given that Dataset 1 is panel data at the customer level over time, researchers can study rich purchase decisions such as product adoption (e.g., digital video cameras), brand choice (e.g., which brand of digital video camera to purchase), add-ons (e.g., televisions and television stands), multicategory choice (e.g., television equipment, audio equipment), and adoption of online purchase channel. Data can also be used to examine issues related to "Black Friday," the Friday after Thanksgiving, which has become the muchheralded "kickoff" to the Christmas shopping season. In light of the substantial economic impact of Black Friday, this shopping event deserves closer scrutiny than has been reported in the academic literature and popular press. The data also contain consumer purchase history on ESCs and on product returns. Contributing more than half of the total profits of major electronics retailers, ESCs have become a major profit engine for consumer Downloaded from informs.org by [207.41.189 .74] on 29 September 2015, at 08:10 . For personal use only, all rights reserved.
electronics retailers such as Best Buy (Berner 2004) . It is imperative to understand why and how consumers purchase ESCs and how to improve marketing mix decisions. Similarly, allowing consumers to return products encourages them to try a product for which they have huge uncertainty. However, consumers can also abuse the return policy. When too many products are returned, retailers bear significant cost. It is therefore important to understand the fundamental driving force behind product returns and how product returns affect future purchasing. For example, how do product returns affect customers' product adoption and their subsequent purchases? What types of products are more likely to be returned?
Retailers provide a platform where manufacturers compete to maximize their long-term profits. Many competitive marketing mix strategies such as new product introductions, (product line) pricing, and advertising can be studied. For example, when Sony lowers the prices on its digital cameras, how does Cannon adjust its prices to defend its position? Static or dynamic models can be developed to understand the nature of interactions among firms and test theories of competition; such models can also be used for policy analysis by simulating behavior under a variety of market environments. Given its panel structure, Dataset 1 affords the opportunity to study manufacturer competition using customer-level data.
Limitations of ISMS Durable Goods Dataset 1
Its six-year observation window and complete household-level transaction records of a large number of electronic durable goods make this data set unique. However, it is also subject to limitations. First, it does not contain information on non-price-related promotions such as TV advertising, catalogs, store displays, etc.
3 Second, it is from a single retailer. Without information on consumer purchases from other retail outlets, studies on some consumers decisions such as product adoption, upgrade, and replacement could be subject to bias. Third, the data set includes the price paid but does not provide a "store environment" file; i.e., it does not include prices for all available models at each point in time. One can create a price time series as described earlier by aggregating across the 1,176 stores. However, for low-sales items, there may not be enough observations to construct a satisfactory time series. 4 We caution researchers to be aware of these limitations when making assumptions, formulating models, and drawing conclusions. The promotional offer was as follows: Households received $10 off if they purchased during the promotional time period (December 4-December 15). If they did purchase, they would get 10% off on a subsequent purchase, good through the end of December. Roughly half of the 176,961 households in the database (promotion group) received the Christmas holiday promotional mailer; the other half (control group) did not. When running the experiment, the retailer did not know a priori the customer attributes that would lead to the most incremental sales. Thus, the assignment of promotion in the field experiment was truly random. In addition to receipt of and response to the promotion, the data a The average is lower than the average expenditure per shopping trip in Dataset 1 (see Table 4 ) because many households who received the promotion in Dataset 2 did not make purchases.
contain approximately 150 descriptors of all customers, covering purchase history prior to the promotion, response to previous promotions, purchase of warranties/extended service, product returns, etc. Table 6 provides statistics for a few key variables characterizing the reaction to the Christmas promotion for the promotion and control groups. Mean sales for those receiving the promotional offer is $12.42; for those not receiving the offer, it is $9.73. 5 The other statistics show that the experimental and control groups were equally matched on variables available before the promotion. This, of course, is as it should be, given that the promotion was distributed randomly.
Research Opportunities and Limitations
Dataset 2 provides the opportunity to analyze the results of a promotional field test, plus other topics such as the "direct-mail-deal-prone" consumer. Its most attractive attribute is the field test; hence the most obvious use of the database is to analyze the results of the field test-both predicting the results and understanding them. For example, what are the best methodologies for predicting customer-level incremental sales? What variables best predict incremental sales for this promotion? In addition, because the data contain responses to previous promotionsall delivered via direct mail-one could profile the direct-mail-deal-prone customer (see Chapter 3 in Blattberg and Neslin 1990 for a summary of research on the deal-prone consumer in the context of CPG promotions).
One limitation is that the data are not longitudinal like those in Dataset 1. The recency, frequency, monetary value (RFM) variables, for example, precede the field experiment, but the data do not contain week-by-week purchase histories of each customer. Although Datasets 1 and 2 are offered by the same company, the data cannot be linked-the customers' IDs in the two data sets do not have a one-to-one mapping.
Process for Obtaining the Databases
The databases are provided by the ISMS (http:// www.informs.org/Community/ISMS). The distribution of the data is controlled to ensure their use is consistent with ISMS's mission of enabling the development, dissemination, and implementation of research based on marketing science approaches. Database documentation, purchase agreement, open forums, working paper collections, and downloading instructions are available at http://www.informs .org/Community/ISMS/ISMS-Research-Datasets.
Summary
In sum, ISMS makes available to the marketing science community two durable goods data sets-a panel database and a field test database. We hope these databases will spark a major acceleration in research on durable goods that will benefit the practice of marketing for many years to come.
